Abstract Most research on F0 has attempted to model the behaviour of an entire linguistic community (e.g of speakers of US or UK English, French, Japanese etc). In this research, we attempt in two analyses to characterize some prosodic aspects of individual differences within the speaker community. For this, the statistical distributions of F0 and intensity parameters were examined. It was found in the first analysis (34 male speakers, nine speech styles) that F0 distributions showed a number of characteristic patterns while intensity distributions did not pattern in any particular fashion. F0 distributions fell into fours patterns, suggesting four styles of F0 whatever the speech style is. This classification was confirmed in our second analysis (11 male speakers, one speech task). These various patterns of F0 distributions are discussed with regard to the speech task and to the speaker's style.
Introduction
It is a common assumption that speakers activate speech components in a similar fashion when they perform the same speech task. Differences among speakers are then interpreted in terms of paralinguistic and/or extralinguistic factors.
A number of current prosodic studies investigate the complex aspects of individual variations, in particular in studies related to the "family of emotions", attitudes and sociolinguistic parameters (see e.g., the proceedings of Speech Prosody 2004). These prosodic variations are mainly characterised by one, or more often several, specific patterns which are superimposed on the "neutral" expected prosodic profile. For example, in the case of fear, the mean values for speech rate and F0 are increased [3] .
Other prosodic variations are related to the individual psychological profile (for example [4] ). Such variations are distinguished by specific interplays between speech rate, intensity, F0 and pauses.
In this paper, statistical distributions of F0 and intensity are investigated. Possible differences at this level do not seem to have been considered in previous studies [1] .
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Methodology
For this study, the Machine-Readable Spoken English Corpus (MARSEC) see www.rdg.ac.uk/AcaDepts/ll/speechlab/marsec.) was used in two analyses: on the one hand, the intonation and the intensity of 34 male speakers recorded in different speech tasks were investigated. This permitted to examine the effect of speech style. On the other hand, the intonation and the intensity of 11 male speakers giving a commentary on the BBC were analysed which permitted to examine the effect of individual variation within a specific speech style. For the first study, 23'566 values of F0 for 34 male speakers were extracted from the database obtained from MARSEC by Keller [3] . The pitch periods of voiced sounds were determined by the position of the maximum of the autocorrelation function of the sound. All other parameters were kept at default (time step 10 ms, minimum pitch 70 Hz). Intensity values of these voiced sounds were calculated at a time step of 1 ms using the default values set in the Praat software. Average f0 and intensity values were calculated for each sound segment on the basis of these measures.
Nine styles of speech were represented in this database: address, fiction, lecture, market, news, poetry, religion, report and sports.
F0 values were converted into semitones by the formula given in Fant et al. [2] : 12[Ln(Hz/100)/Ln(2). This formula centers the semitone scale at 100 Hz = 0 semitones, and 67 Hz at about -7 semitones and 318 Hz at about 20 semitones. Frequency distributions were computed for each speaker with a stepsize of 0.5 semitones. The obtained frequency per semitone step was then weighted by converting the values into percentages of total observations per speaker.
Intensity values were squared-root transformed to better approximate a normal distribution. Distributions were computed for each speaker with a stepsize of 0.5 -i.e., 0.25 dB. Then the obtained frequency per intensity level was weighted by converting the values into percentages of total observations per speaker.
For the second study, signals were prealigned with an automatic algorithm written by Prof. Eric Keller (IMM, University of Lausanne), and then manually adjusted. Acoustic analyses were performed with the public software Praat. The pitch period of a sound was determined by the position of the maximum response of the autocorrelation function. The voicing threshold was set to 0.05 and the silence threshold was set to 0.15. All other parameters were kept at default values (time step 10 ms, minimum pitch 75 Hz).
F0 values were automatically extracted thanks to a program written by Eric Keller. It runs the Praat's F0 extraction of the input sound. On the basis of the TextGrids, the ouput provides F0 values for each voiced sound.
In both studies, the statistical analyses were performed with DataDesk 6.1, SPSS 11.0 and XLSTAT 5.1.
Results

First Analysis: F0 results
Histograms computed in DataDesk, with the same window length and the same number of intervals show a considerable variation of distributions among speakers. This variation was unexpected since the literature does not mention any particuliar issue in this domain. However, noticeable differences are observed by just looking at the graphs: some distributions are multimodal and others are not. Some distributions are strongly left-skewed, some others are rather centered. Some distributions are peaked, and others are rather flat.
The three central values computed in SPSS, mean, median and mode, (see Table 1 ) show various patterns. For example, the three central values for speaker JS are very close. For many other speakers, the lowest modal value differs considerably from the two other central values.
The computation of weighted frequency distributions permits first the graphical superposition of F0 distributions in order to illustrate these variations among speakers (see Figure 1) . Secondly, this table was used for the computation in XLSTAT of an agglomerative hierarchical classification (AHC). The AHC algorithm gathers the most similar observation pairs, and then progressively aggregates the other observations or observation groups according to their similarity until all observations are in a single group. The settings were as follows: spearman's dissimilarity and complete linkage. In that case, the dissimilarity between objects of A and B is the largest dissimilarity between an object of A and an object of B. Aggregation using complete linkage tends to dilate the data space and to produce compact clusters. The AHC gives a clustering which classify the speakers according to their F0 distributions.It suggests four groups of speakers (Figure 2) . Group 1 is represented by a unique speaker JH in a unique speech style that is fiction. His F0 distribution has a strong left peak and then becomes fairly flat, multimodal and broad. Compared to the mean and median, his lowest modal value is very far-off. The second group (CP, GB, MW, MC, CL, PD, MF, JB2, BR, RF) is characterised by a "normal" height for male speakers with a mean value close to the median value, but both values being distant from the lowest modal value. The skewness is positive. The third group (BP, DH, AMD, JM, MS1, GF, MS7, PF, RSO) is similar to the second group but with a low register of F0. The skewness is positive. In this group, speaker GF is badly classified: his three central values are close and high. In the fourth group (JC, JB1, KG1, DS, JS,LM,GL, KG2, PR, ST, VD), at least two of the three central values are very high and the F0 range is fairly large. The kurtosis is close to 0 or negative. Apart from group 1 with a unique speaker, the three other groups show mixed styles of speech, i.e., these four classes of F0 distributions are not driven by the speech task. When hearing pairs of speech samples according to the leaves of the aggregation, an auditive impression of similarity between speakers emerges.
First Analysis: Intensity Results
The same procedure for the computation of histograms and weighted distributions were applied to intensity. The superposition of speakers' intensity distributions illustrate a similar pattern irrespective of speaker or speech style (see Figure 3) . Although speakers perform the same speech task, the histograms computed in DataDesk, with the same window length and the same number of intervals again show a variation of distributions among speakers. Table 2 shows the central values of the 11 speakers. These variations are visible on the graphical superposition of F0 distributions (see Figure 4) . The Kruskall Wallis test confirms that distributions of F0 (in semitones) differ significantly (Chi-square = 1055.890; df=10; p=.000).
Second Analysis: F0 Results
Proportional Distributions of F0 (in st) for 11 male speakers The agglomerative hierarchical classification suggests three types of F0 distributions ( Figure 5 ). The first group (ST5, ST10) has the largest positive skewness. Speakers in this group have a low F0 register. Group 2 (ST6, ST11) has the largest negative skewness. The median is higher than the mean and both are far-off the lowest modal value. Speakers in this group have a high register of F0. F0 distributions in the third group (ST4, ST3, ST2, ST8, ST9, ST12) has a skewness close to 0. All the distributions are multimodal. Again, when hearing pairs of speech samples according to the leaves of the aggregation, an auditive impression of similarity between speakers emerges.
Second Analysis: Intensity Results
Like in the first analysis, the superposition of speakers'intensity distributions illustrate a very similar pattern among the speakers in the commentary task ( Figure 6 ). 
Discussion
Variations in prosody within a linguistic community are triggered by a number of parameters, among others the speech task and the individual style. In this study, it is shown that raw data such as distributions of F0 and dB give interesting information in this area. Our results show that F0 distributions among the speakers are not similar, whether the speech task is the same or not. The first difference is related to the heigth of the speaker's register and the way speakers use their register. Some speakers present left skewed distributions, meaning that their prefered F0 targets are in the lowest part of their register. Some other speakers have right-skewed distributions, meaning that they tend to favor F0 targets in the highest part of their register. Beyond the differences in terms of high and low register, we found that some speakers prefer activating their intonation in a multimodal way -with several preferred F0 targets -and some others activate only one preferred F0 target. The preferred F0 target(s) might be close to the two other central values (mean and median) or far-off. These differences sound differently and may characterise styles of intonation which are independant of the speech task.
Conversely, it was found in both analyses that intensity distributions are very similar among the speakers, whether they do perform the same speech task or not. Intensity distributions seem to be less sensitive to the individual characteristics of a speaker -F0 curves are nearly perfectly superposed on each other -and to a certain extent to the speech task. -F0 curves follow the same pattern despite the fact that they are not perfectly superposed on each other.
Conclusion
This paper is a contribution to the study of prosodic variations within the same linguistic community. The analyses of F0 and intensity distributions of 34 male speakers in nine speech tasks on the one hand, and the analysis of 11 male speakers in one speech task on the another hand show two interesting facts. Intensity distributions are speaker-independent and to a certain extent are also task-independent. Only one pattern of distribution emerges, whatever the speaker and the speech task are. F0 distributions are task-independent but speaker-dependent. At least fours types of F0 distribution were characterised, suggesting four types of speaker intonation.
